In many biomedical studies, it is common that due to budget constraints, the primary covariate is only collected in a randomly selected subset from the full study cohort. Often, there is an inexpensive auxiliary covariate for the primary exposure variable that is readily available for all the cohort subjects. Valid statistical methods that make use of the auxiliary information to improve study efficiency need to be developed. To this end, we develop an estimated partial likelihood approach for correlated failure time data with auxiliary information. We assume a marginal hazard model with common baseline hazard function. The asymptotic properties for the proposed estimators are developed. The proof of the asymptotic results for the proposed estimators is nontrivial since the moments used in estimating equation are not martingale-based and the classical martingale theory is not sufficient. Instead, our proofs rely on modern empirical process theory. The proposed estimator is evaluated through simulation studies and is shown to have increased efficiency compared to existing methods. The proposed method is illustrated with a data set from the Framingham study.
Introduction
Exposure assessment like assays for biomarker or genetic traits can be prohibitively expensive in modern biomedical studies. Due to budget constraints, the main exposure in many studies can only be assembled on a subset of the full study cohort. This subset is referred to as the validation set. Meanwhile, an inexpensive auxiliary variable for the main exposure is often readily available for all the cohort subjects. It is desirable to improve the study efficiency through properly utilizing these auxiliary information in the statistical inference.
In failure time studies, some methods have been proposed. For example, Zhou and Pepe (1995), Zhou and Wang (2000) and Wang et al. (1997) studied the auxiliary covariates problem for a multiplicative semiparametric hazard model using regression calibration techniques. Kulich and Lin (2000) and Jiang and Zhou (2007) proposed a corrected pseudo-score estimator for the additive risks model of Lin and Ying (1994) . While the aforementioned methods are focused on univariate failure time data, correlated failure time data are commonly encountered in practice. For example, the data arise from family studies where individuals within a family may be correlated due to shared genetic or environmental factors. Two major classes of models have been proposed for correlated failure time data: the frailty models (Clayton and Cuzick 1985; Nielsen et al. 1992; Hougaard 2000; Gorfine et al. 2006 ) and the marginal hazard models (Wei et al. 1989; Lee et al. 1992; Cai and Prentice 1995, 1997; Spiekerman and Lin 1998) . When the intracluster correlation is not of interest, marginal hazard models are preferred since they avoid strong assumptions about the dependencies among correlated failure times.
In the literature of marginal hazard models, two types of models have been extensively studied: the different baseline hazard model (Wei et al. 1989, referred (2010) proposed to correct the partial likelihood through a kernel estimation procedure. All these methods are based on a marginal hazard model with different baseline hazards(WLW model). However, in many practical situations, including studies of disease occurrence patterns of twins or siblings, or in litter mate experiments, or the clustered failure time data in which the subjects within clusters are exchangeable, it will be natural to restrict the baseline hazard functions to be common for some or all members within a cluster. To the best of our knowledge, no methods are available for analysis of correlated failure time data with auxiliary information under the framework of CBM model.
In this article, we propose a new inference method based on a pseudo-partial likelihood for the clustered failure time data where the main exposure is only observed for the validation set. We assume a marginal proportional hazards model with common baseline hazard and discrete auxiliary variable. The relative risk function is estimated
